The development, optimization, and analysis of downstream processes are challenged by a high number of potentially critical process parameters that need to be investigated using lab-scale experiments. These process parameters are spread across multiple unit operations and potentially show interactions across unit operations. In this contribution, we present a novel strategy for bioprocess development that considers the risk of parameter interactions across unit operations for efficient experimental design. A novel risk assessment tool (interaction matrix) is introduced to the Quality by Design (QbD) workflow. Using this tool, the risk of interaction across unit operations is rated. Subsequently, a design of experiments (DoE) across unit operations is conducted that has the power to reveal multivariate interdependencies. The power of the presented strategy is demonstrated for protein isolation steps of an inclusion body process, focusing on the quality attribute inclusion body purity. The concentration of Triton X-100 in the course of inclusion body (IB) purification was shown to interact with the g-number of the subsequent centrifugation step. The presented strategy targets a holistic view on the process and allows handling of a high number of experimental parameters across unit operations using minimal experimental effort. It is generically applicable for process development along QbD principles.
Introduction

Process Development along QbD Principles
Significant changes of biopharmaceutical manufacturing have taken place in the past decades. Recombinant protein titers have improved from a mg scale to more than 10 g per liter. This emerged as a major challenge for downstream processing because its capacity could not keep up with the larger titers [1] . The need for innovation demands industry to adapt its production processes to deal with these increasing product titers. Traditional biopharmaceutical production processes that are mainly based on empirical process knowledge are facing the problem of laborious post approval changes when adapting the process or implementing new technologies to raise their efficiency. Furthermore the inability to predict effects of scale-up on final product quality is inherent in empirical process development. This often leads to higher costs and difficulties in implementing manufacturing changes [2] . A reorganization of the regulatory approval and an initiative towards a more science-based process understanding was launched by the Food and Drug Administration (FDA) to address these issues [3] . The aim is to lead the industry to a state of deeper process understanding resulting in higher flexibility and freedom to operate within a so-called design space. The concept of design space is part of the "Quality by Design" (QbD) paradigm and is well described in literature [2, [4] [5] [6] [7] [8] [9] . To accompany manufacturers towards a more science-based process development several guidelines have been published [4, [10] [11] [12] . In short, the QbD concept involves to first define a Quality Target Product Profile (QTPP) for product performance and to identify its Critical Quality Attributes (CQAs). On the basis of this information, experimental design and analysis assist in understanding the impact of Critical Process Parameters (CPP) on CQAs and as a consequence to identify and control the sources of variability.
Parameter Interactions
Downstream processes (DSP) in biopharmaceutical processes include harvesting, isolation, and purification of biosynthetic products. Different unit operations are implemented depending on (i) the product location (extracellular or intracellular, if intracellular: periplasm or cytoplasm); (ii) the nature of the product (size, charge, and solubility); (iii) the value of the product (various forms of expensive chromatography steps for high value pharmaceutical products); (iv) final conformation (need for refolding) or other constraints. The chosen process sequence forms an integrated process, whereby a change in one unit operation can possibly show and procreate an effect in subsequent unit operations. Thus, interaction effects of parameters across unit operations are possible and need to be considered during process development. Interactions occur when the effect of one parameter on the response depends on the setting of a second parameter. This means that the combined effects of two parameters from different unit operations cannot be predicted from the separate effects and therefore cannot be predicted by investigating unit operations separately. Current state of the art DSP development starts with process characterization employing risk assessments to identify the most critical parameters, which are then analyzed within single unit operations (SUO), as exemplified in several contributions [13] [14] [15] [16] . However, the regulatory authorities underline that interactions of parameters need to be considered within the QbD approach [11] , which in our understanding also includes interactions across unit operations (AUO). So far, few contributions consider interactions across unit operations for process optimization purposes [17] . Especially the application of partition designs for the assessment of parameters across unit operations to build predictive models across entire processes is noteworthy [18] . However, to our knowledge, there is no easy and comprehensive strategy published so far which is applicable to be applied within the QbD context.
Design of Experiments
Design of experiments (DoE) emerged as the primary tool for process development along QbD principles [19] [20] [21] . DoE is a formal mathematical method for systematically planning and conducting scientific experiments. The principle involved is the change of experimental variables together in order to determine their effect of a given response. DoE presents a substantial step forward compared to the previously used one-factor-at-a-time (OFAT) method of designing experiments in terms of the lower number of experimental runs needed to precisely estimate effects and interactions of parameters and the reduced risk of missing optimal settings of parameters [22, 23] . The goal of experimental design is to extract the maximum information from as few experiments as possible. The information content is expressed as design resolution and assigns the risk that certain interaction effects may be confounded with other effects, which is well described in literature [24, 25] . An example of the relationship between the number of parameters to be investigated and the number of experimental runs for screening designs and optimization design is shown in Figure 1 . This data set was generated using the experimental design software MODDE (Umetrics, Umeå , Sweden), which automatically suggests a number of experimental runs depending on the number of factors entered and the selected experimental design (screening or optimization). Optimization designs are able to resolve quadratic interaction effects, but the number of runs increases exponentially with the number of investigated parameters when the experimenter targets to find process optima. Screening designs with lower resolution (III/IV) have a much lower number of experiments, but a high risk for confounding interaction effects. Increasing the resolution of screening designs leads inevitably to the increase of experimental runs.
As the number of experimental observations increases significantly with the level of targeted information content, process developers have to decide carefully which design to choose and even more importantly: which parameters to investigate in more detail. To save time and money in process development it is mandatory to keep the number of experiments low. To achieve this, risk assessments are the major task to identify criticality by risk ranking in order to reduce the number of parameters for experimental design studies based on prior knowledge. Correlation between the number of experimental runs and the number of investigated parameters. For optimization designs the number of runs increases exponentially while for screening designs the number of runs remains low for low resolution and increases significantly with the degree of resolution.
Risk Assessments
For risk evaluation the identification of QTPP and CQAs, a definition process design space is realized in the first steps of the process development as described in the ICH guidance Q9 [10] and reviewed in several publications [8, 9, 26] . Once the QTPP and CQAs have been identified, the criticality of process parameters has to be evaluated. Commonly applied techniques for the rating of severity, occurrence, and detectability of CPPs are cause and effect diagrams (e.g., Ishikawa diagram) and Failure Mode and Effect Analysis (FMEAs) [2, 27, 28] . In traditional evaluations, risk assessments are carried out for single unit operations separately, and consequently, the experimental studies are performed accordingly to single unit operation separately [29] .
In process development screening designs are often employed, with the advantage that the number of experiments is low and the disadvantage that significant main effects are often confounded with two factor interactions. In enhanced approaches these studies are followed by the evaluation of significant parameters in an optimization designs for single unit operations [30] , nonetheless, there is still the risk of missing a critical parameter that acts across unit operations. At the end, all CQAs have to meet the acceptance criteria, and quality assurance has to be demonstrated according to the ICH definition of design space [4] , so that the "multidimensional combination and interactions of input variables and process parameters have been demonstrated to provide assurance of quality". The need for an adapted risk assessment for scientific process development is encouraged by ICH Q11_step 5 "A design space that spans multiple unit operations can provide more operational flexibility" [11] . In our opinion one step towards this request is a rearrangement of the QbD workflow realized by the introduction of an early criticality analysis of parameters potentially interacting across unit operations.
Goal
With this contribution we aim to propose a strategy for integrated process DoE design, which allows building experimental designs across unit operations and allows the investigation of possible interacting parameters. The power of this strategy is exemplified by the product isolation steps of a recombinant inclusion body process. The investigation is focused on the CQA inclusion body purity (IB purity), which is known to have a critical impact on further DSP steps [31] . The impact of this area on overall process variability is underestimated, and it is normally operated rather as a black box approach, because product related quality attributes are difficult to measure effectively in a timely manner. Investigation of parameters from this perspective might significantly reduce the risk of missing important parameter interactions and thereby it may also eliminate repeated design cycles. The overall goal is the development of a strategy that is capable of building a knowledge space across multiple process steps, thereby giving the opportunity to define a design space and control space in the course of process development. For this purpose we present a novel risk-based strategy that allows the user to (i) deal with a high number of process parameters that are possibly critical, (ii) achieve a holistic view of the process, (iii) efficiently design statistical experimental plans across unit operations (iv) reveal interdependencies across unit operations.
Experimental Section
Strain and Media
E. coli strain C41 (F-ompT hsdSB (rB-mB-) gal dcm (DE3); Lucigene, Middleton, WI, USA) harboring an isopropyl-beta-D-thiogalactopyranoside (IPTG) inducible pET expression system was used for the production of the recombinant growth factor. A Techfors-S bioreactor (Infors, Bottmingen, Switzerland) with 10 L working volume was used. A defined minimal medium according to DeLisa et al. [32] was used. Kanamycin was added to the batch media at a final concentration of 0.05 g/L. Production of recombinant protein was induced by addition of IPTG at a final concentration of 1 mM. D-glucose was used as carbon source in the batch medium with a concentration of 20 g/L. The fed-batch medium contained D-glucose at a concentration of 400 g/L. Dissolved oxygen levels (DO2) were kept above 40% saturation. The pH was kept constant at 7.2 by adding 12.5% NH4OH, which also served as nitrogen source.
Harvest and Inclusion Body (IB) Processing
The cell broth was harvested by centrifugation (4300 g, 20 min, 4 °C ) and the pellets were washed (50 mM Tris, 100 mM NaCl). After centrifugation (4,300 RCF, 20 min, 4 °C ), the pellets were resuspended (50 mM Tris, 5 mM DTT, 1 mM EDTA, pH 8) and homogenized (10 g/L dry cell weight). Homogenization (Avestin EmulsiFlex © , Ottawa, Canada) was performed in a continuous mode at 1500 bar and alternating for two, four, and six passages (according to the experimental run number; see Table 1 ). Homogenized samples were centrifuged (20 min, 4 °C) at 3000, 8000 or 13,000 g (according to the experimental run number; see Table 1 ) and washed with Triton X-100 buffer (50 mM Tris, 1 mM EDTA, 0, 0.5 or 1% w/v Triton X-100 according to the experimental run number; see Table 1 ), Another washing step with deionized water was performed (3000, 8000, 13,000 g, 20 min, RT) to remove residual Triton X-100. The resulting inclusion body pellets were solubilized (GuHCl 6 M, 10 mM Tris, 50 mM 2ME) for three hours at room temperature on a shaking platform. After centrifugation (13,000 g, 20 min, RT) the supernatant was precipitated using 10% trichloroacetic acid (TCA) by adding one volume of TCA to one volume of the protein sample. The pellets were then resuspended in Laemmli sample buffer containing 5% 2ME for reduction and prepared for SDS PAGE (10 min heating at 95 °C, then 5 min centrifugation at 13,000 g) and loaded onto a Gel (8-16%; GE Healtcare, Chalfont St. Gilles, UK). The gels were run at 160 V, 60 min and subsequently stained overnight in a sensitive Coomassie solution (0.02% (w/v) Coomassie Brilliant Blue G 250, 5% (w/v) Aluminium Sulfate-(14-18)-Hydrate, 10% (v/v) Ethanol, 2% (v/v) Ortho phosphoric Acid, distilled water). Gel analysis was done using the software Image Lab (Bio-Rad, Hercules, CA, USA). Assessing the purity of a sample is one application that uses quantification of all components of a sample relative to each other in one lane. Results are expressed as percent of all bands identified (band %) and represents the purity of the recombinant growth factor in %.
Experimental Design
Setup and data evaluation of the experimental design were done using the software MODDE Version 9.0 (Umetrics, Umeå , Sweden).
Results and Discussion
Strategy Overview
The proposed strategy for science and risk-based bioprocess development is displayed in Figure 2 . The individual steps will be described in more detail hereafter. At first, classical risk assessment tools such as Ishikawa diagrams and failure mode and effect analysis (FMEA) are used for an initial ranking of all process parameters according to severity, occurrence, and detectability. The subsequent step within the classical QbD workflow is the conduction of screening and optimization experimental designs for process investigation and optimization. To capture potential interaction effects, multivariate studies are to be preferred; otherwise optimization and design space establishment can be impaired. However, the high amount of possible critical parameters to be optimized or investigated excludes the conduction of optimization experimental designs for all parameters that are possibly critical. Hence, a classification of parameters has to be made: Parameters that are to be optimized/investigated using univariate approaches and parameters that are to be optimized using multivariate approaches. Based on that classification we introduced a new step in the QbD workflow: a second risk assessment step (RA 2) that evaluates not only the criticality of parameters but also the possibility of interaction (pi) between process parameters across unit operations. Figure 2 gives an overview of such a process characterization cycle displaying the consecutive steps: (i) identification of parameter criticality; (ii) identification of potential interaction across unit operations; (iii) risk based DoE design across unit operations; (iv) transformation of data into knowledge.
According to the prior defined QTPP, the capture of potential CPPs for corresponding CQAs is performed using fishbone diagrams, which, additionally to criticality, already indicate the potential risk of interactions across unit operations. The novel combination of the potential interacting parameters from different process steps in the form of an interaction matrix is the key step to entire process understanding and decision-making for grouping CPPs in experimental designs. This allows to efficiently design experimental plans across unit operations targeting enhanced process knowledge.
Figure 2.
Novel Quality by Design (QbD) workflow comprising the interaction matrix in risk assessment 2 (RA 2) as key step for the integrated design of experiments (DoE) design across unit operations. Risk analysis starts with a double-stage assessment of criticality. RA 1 defines Critical Quality Attributes (CQAs), Critical Process Parameters (CPPs) and gives a first evaluation of possible Across Unit Operations (AUO)-interactions. RA 2 rates the potential interacting parameters by assigning a probability of interaction (pi) value. Experimental designs across unit operations are planned based on the pi values for single unit operations (SUO) or across unit operations (AUO). Extraction of information from data and transformation to knowledge leads the way towards integrated process knowledge.
Risk Assessment 1-Identification of Parameters for Process Characterization
An initial risk analysis for the downstream process development of a recombinant human Growth Factor (rhGF) was performed by a multidisciplinary team from the fields of process technology, microbiology, chemical engineering, and protein chemistry. After definition of QTPP and CQAs the first step on the way to the establishment of a design space was an initial risk analysis 1 (RA 1) to identify parameters for process characterization using Ishikawa diagrams. Definition of parameters, which could have a critical impact on CQAs, was done for each unit operation, hereafter exemplified for the CQA IB purity. Furthermore each unit operation was evaluated with special regard to parameters potentially interacting across unit operations (AUO) and accordingly marked in the Ishikawa diagrams. For further investigations of the process units including potential critical AUO interacting parameters, they are combined in one Ishikawa diagram, shown in Figure 3 . The potential criticality of parameters and their probability of interaction (pi) across unit operations were assessed and are indicated by bold letters in the diagram. This first evaluation of potential cross-interacting parameters forms the basis for an integrated risk analysis accomplished by the Risk Assessment 2 in the following section. This is demonstrated for the unit operations of the isolation steps homogenization, Triton X-100 washing, and centrifugation. These unit operations form an "interaction block" (Figure 4 ) that is further rated in risk assessment 2. 
Risk Assessment 2-Interaction Matrix across Unit Operations (AUO)
This section provides an example of how to proceed with potential CPPs across unit operations. For this, a novel step was introduced in the QbD workflow: the interaction matrix. All parameters, the result of which had a potential critical from RA1 were included in further evaluations. Those parameters were used to create the interaction matrix to evaluate and rate the probability of interaction (pi) with each other across unit operations. The pi represents the importance of parameters for AUO interactions, and parameters with a high pi are considered to be high risk. The respective pi values depict a subjective user evaluation of the risk of interactions. This constitutes an additional risk assessment step similar to FMEA approaches.
Rating of criticality with respect to pi was done for all possible combinations using the rating values: 0.1 = minimal pi, 0.3 = low pi, 0.5 = medium pi, 0.7 = high pi, 1 = proven pi. The threshold value for the decision to perform a multivariate experimental design across unit operations was defined as 0.5. All parameters giving a pi equal or higher than 0.5 are included in the experimental plans across unit operations. The selection of the threshold value is a trade-off between the number of experiments and the risk of missing significant parameters. Ideally, the threshold value is kept constant and consequently all parameters with medium and high pi values are investigated across unit operations. If a high number of potentially interacting parameters is found, the user might be forced to adjust the threshold value if the number of experiments is not manageable. In Table 2 , a clear assignment of risk can be provided by this matrix to select parameters for DoE design. Parameters giving a pi lower than 0.5 undergo a conventional experimental plan (not shown in this contribution) Table 2 . Interaction matrix. Parameters are rated according to their potential of interaction (pi) across unit operations. This is done for every parameter combination and all parameters giving a probability of interaction equal or higher than 0.5 are evaluated via multivariate DoE analysis across unit operations in the next step. The parameters Triton X-100 concentration, duration of centrifugation, g-number of centrifugation, and number of passages during homogenization resulted in pi values equal or higher than 0.5 for the CQA IB purity and were included in DoE AUO.
Power of Approach is Demonstrated for Early Downstream Protein Isolation Steps for rhGF
This section demonstrates the applicability of the new strategy on the multivariate investigation of interactions across unit operations by the example of the isolation steps of an rhGF for the CQA IB purity.
DoE Design
Based on the risk assessments of the previous sections four parameters were included in the multivariate study across unit operations. The CPPs Triton X-100 concentration in washing step, duration of centrifugation, g-number of centrifugation, and passages during homogenization was investigated for the response IB purity. With the purpose of determining interactions across unit operations and optimal operating conditions we selected a central composite face centered design (CCF) with three levels and resolution V. Within this design no main effects or two-factor interactions are aliased with any other main effects or two-factor interactions, which facilitates optimization and design space establishment across unit operations. Evaluation of IB purity was done by densitometric analysis of the ratio of impurity amount per target protein amount using SDS-Gels.
The design consists of 27 randomized IB protein isolation runs including three center points. Two runs were excluded due to sample precipitation in the SDS Gel pocket. The design region comprising the remaining 25 runs is shown in Figure 5 . 
Multivariate DoE Study across Unit Operations
The rationale behind the criticality rating in this multivariate study was discussed as follows. Triton X-100 is known to increase IB purity by solubilizing membrane proteins, thereby solubilizing membrane fractions that otherwise would accumulate in the IB/cell debris fraction during centrifugation. The degree of cell disruption and the size of cell fragments vary depending on the number of passages during homogenization. Homogenization of bacterial cells at low numbers of passages leads to a higher viscosity of the cell suspension while increasing the number of passages decreases the viscosity. This effect is mainly associated with released DNA that is sheared during repeated homogenization passages. Both the concentration of Triton X-100 and the viscosity of the cell suspension after homogenization might interact with the centrifugation parameters, as the centrifugation time is proportional to the viscosity, inversely proportional to the density difference and to the square of both, the particle diameter and angular velocity/RCF. Centrifugation time is also influenced by the particle characteristics diameter and the density, both described by Stokes' law.
The multivariate study revealed that the following parameters impacted process performance and product quality.  The Triton X-100 concentration during the washing step showed a main effect on CQA IB purity  A significant interaction effect between the process parameters Triton X-100 concentration and g-number of centrifugation was observed
Experimental design and data evaluation were done using the experimental design software MODDE (Umetrics, Umeå , Sweden). The response IB purity was fitted using multilinear regression (MLR). The software automatically tests for collinearities using singular value decomposition, which can be read out as condition number. A condition number is defined as the square root of the ratio of the largest and the smallest eigenvalue of the scatter matrix. Serious collinearity problems occur at condition numbers >8. The condition number of this experimental setup was 1.355, which means no collinearities were detected. The significance of factors is estimated on the basis of a t-test; the factor selection was done using a manual backward selection resulting in the statistically significant factors/terms at the 5% level: Triton X-100 concentration (p = 0.0048), Triton X-100 concentration*g-number (p = 0.0020) and g-number (p = 0.0962, this non-significant factor is not removed due to the hierarchical structure of the model). The confidence intervals on the model coefficients are generated on the basis of the t-test and are shown by the bars on the significant model coefficients (Figure 6a) .
Evaluation of the CCF model revealed a quadratic interaction term across process steps of Triton X-100 concentration in the washing step and the g number of the centrifugation step. Although the predictive power of the model is low (Q 2 = 0.348, R 2 = 0.564) due to high replicate errors, the model is valid (probability based on the fact that the lack of fit was not significant at the 5% level p = 0.301). The predicted responses based on the developed model showed a maximum purity within the investigated range at 1% Triton X-100 and 13,000 g. The IB purity is shown in percentage along the isobars in Figure 6b and was assessed as described in IB purification (Section 2.2 Harvest and IB Processing). These findings regarding IB purity can be explained by the fact that by increasing the g-numbers at constant 0% Triton X-100 concentration, smaller cell fractions pelletize and hence reduce IB purity. The lowest IB purity within the investigated range can therefore be found at the highest g-numbers for 0% Triton X-100 concentration. The study demonstrated an inverse effect for IB purity at high g-numbers when the concentration of Triton X-100 was raised to 1%. The capability of Triton X-100 to dissolve membrane proteins and increase purity rises to a maximum at 1% within the investigated range. One percent was chosen as a constraint as this value is often reported in the literature for inclusion body purification and is therefore assumed not to attack the IB surface [33] . In traditional approaches IB are often reported to be collected at low speed centrifugation between 5000 and 8000 g and to be separated from cell debris based on their higher density [34] . The study revealed that centrifugation at higher g-numbers increased purity in the presence of 1% Triton X-100. This investigation across unit operation demonstrates the power to reveal interaction effects of parameters from different unit operations. Investigation of one factor at a time starting with the g-number would result in a local IB purity maximum at about 3000-4500 g. Increasing then Triton X-100 concentration at this fixed g-number level would show no significant effect on IB purity. The risk of missing potential important parameter interactions in OFAT approaches can be compared with the risk in traditional approaches where parameters from different unit operations are covered in an isolated way. The perceived outcomes of different risk assessment approaches are compared in Figure 7 . Isolated examination of parameters that act across unit operations hold the risk of finding local maxima (or minima) instead of real maxima (or minima) (Approaches 1 and 2) . For pharmaceutical processes, the regulatory authorities urge to consider a more integrated view, which was put into practice within the A-Mab case study [30] . The A-Mab case study constitutes the state of the art reference document for process development along QbD principles. While the A-Mab approach considers interactions within unit operations, it provides no strategy about how to deal with the risk of interactions across unit operations. The novel risk based approach presented within this contribution (Approach 3) holds the potential of uncovering hidden interdependencies as shown for the early protein isolation steps in this study while being fully in-line with the regulatory concepts of QbD.
Figure 7.
Comparison of different risk assessment approaches. The first approach displays the traditional way of linkage between risk assessment (RA) and DoE design, the second approach was a development towards a more integrated view (A-Mab study [30] ). The perceived reduction of risk from Approach 1 to our novel Approach 3 results from minimizing the risk of missing interactions within SUO and AUO.
Conclusions
Within process development of integrated downstream processes and factor-to-factor interactions across unit operations need to be taken into account. Otherwise, global optima cannot be identified, and the risk of factor interactions cannot be considered, as required by the regulatory authorities' Quality by Design initiative.
For the first time we report a strategy that allows the user to deal with the risk of process parameter interactions across unit operations based on a novel risk assessment tool (interaction matrix).
A comparison of traditional, enhanced, and novel AUO risk assessment approaches (Figure 7 ) represents the perceived risk reduction up to the novel approach, ranging from high risk when considering only isolated parameters in single unit operations to significantly reduced risk when considering the whole process. The presented approach used traditional CCF designs with factors spreading across multiple operations. The use of partition designs, which were reported to be applicable for this purpose [18] , instead of CCF designs would be possible.
Although the number of experiments is a sensitive issue in terms of time and cost investment, a step forward to a more science based process development is essential for future drug development. The roadmap for downstream process development along QbD principles presented here targets at facilitating the development of flexible production processes that are adaptable as a response to increasing market demands.
